Carbon emissions from energy consumption of Shandong province from 1995 to 2012 are calculated. Three zero-residual decomposition models (LMDI, MRCI and Shapley value models) are introduced for decomposing carbon emissions. Based on the results, Kendall coordination coefficient method is employed for testing their compatibility, and an optimal weighted combination decomposition model is constructed for improving the objectivity of decomposition. STIRPAT model is applied to evaluate the impact of each factor on carbon emissions. The results show that, using 1995 as the base year, the cumulative effects of population, per capita GDP, energy consumption intensity, and energy consumption structure of Shandong province in 2012 are positive, while the cumulative effect of industrial structure is negative. Per capita GDP is the largest driver of the increasing carbon emissions and has a great impact on carbon emissions; energy consumption intensity is a weak driver and has certain impact on carbon emissions; population plays a weak driving role, but it has the most significant impact on carbon emissions; energy consumption structure is a weak driver of the increasing carbon emissions and has a weak impact on carbon emissions; industrial structure has played a weak inhibitory role, and its impact on carbon emissions is great.
Introduction
In recent years, Shandong province of China has achieved remarkable performance in economic development. However, Shandong has also been facing problems with excessive energy consumption and increasing carbon emissions. This study aims to obtain the characteristics of temporal variation of carbon emissions from energy consumption and analyze the influencing factors of carbon emissions, which can help Shandong province work out scientific and reasonable reduction strategies of carbon emissions. The study is significant for promoting economic and social sustainable development of Shandong province.
Factors decomposition has been widely used to study the driving forces of an aggregate indicator's change over time. Energy and environment researchers have put forward many decomposition models. According to different classification standards, decomposition models can be divided into various types. According to equality expression of carbon emissions, decomposition models can be categorized into additive decomposition and multiplicative decomposition models; according to the decomposition with residual or not, decomposition models can be categorized into residual decomposition and zero-residual decomposition models; according to the principle of method, decomposition models can be categorized into index decomposition and structural decomposition models [1] .
For logarithmic mean weight Divisia index (LMDI) model is simple and its result does not include unexplained residuals [2] [3] [4] [5] , it has become one of the most widely used decomposition models. By using LMDI, Hatzigeorgiou et al. [6] decomposed carbon emissions of Greece. Wei et al. [7] , Song and Lu [8] , Zhang et al. [9] , and Wang et al. [10] used LMDI to decompose carbon emissions of China into four factors including output scale, energy structure, emission intensity, and energy intensity. Zhu et al. [11] decomposed it into five factors including population scale, economy yield, industrial structure, energy intensity, and energy structure. Zhang and Ren [12] and Song [13] used LMDI to decompose carbon emissions of Shandong province into the same five factors. By using LMDI, Guo et al. [14] decomposed carbon emissions of Shanghai city into 2 The Scientific World Journal four factors including population, per capita GDP, energy intensity, and energy structure. Liu et al. [15, 16] decomposed carbon emissions of Fujian province and Beijing city into four factors including energy structure, emission intensity, energy intensity, and economy development. Zhao and Long [17] decomposed carbon emissions of Jiangsu province from the angle of three industries by using LMDI. Besides LMDI, mean-rate-of-change index model [18] , refined Laspeyres index model [19] , and Shapley value model [20] are zeroresidual decomposition models. Ang et al. [21] proved that Shapley value decomposition is in fact the same as the refined Laspeyres index decomposition mathematically. Since the above models are suitable for the decomposition of carbon emissions and have no unexplained residuals, whose result is most objective and credible, or can we combine them to get the better result? This paper proposes a combination method and applies it to decompose carbon emissions from energy consumption of Shandong province.
This paper is organized as follows. Section 2 gives the situations of economy and energy consumption and calculates carbon emissions of Shandong province from 1995 to 2012. Section 3 constructs factors decomposition models of carbon emissions from energy consumption including LMDI, Shapley value, mean-rate-of-change index (MRCI), and combination models. Section 4 decomposes carbon emissions from energy consumption of Shandong province into different factors by applying the constructed models. Figure 2 ).
Energy Consumption of Shandong Province.
Energy consumption of Shandong province from 1995 to 2012 is shown in Figure 3 , and we can see that total energy consumption, energy consumption of secondary and tertiary industries of Shandong province, all showed the upward trend, especially from 2004 to 2012. Energy consumption of the secondary industry accounted for the largest proportion among three industries, which was always about 80%. The lowest point of the proportion of the tertiary industry was 8.8% in 1999, and the highest point of it was 18.62% in 2012. Contradicted with the proportion of the tertiary industry, the highest point of the proportion of the primary industry was 8.51% in 1999, and the lowest point of it was 1.29% in 2012. Energy consumption intensity of Shandong province from 1995 to 2012 is shown in Figure 4 . Energy consumption intensity of the secondary industry was the highest among three industries, and it was always more than 1.1 ton standard coal per 10 thousand Yuan, which was much higher than those of the primary and tertiary industries. Energy consumption intensity of the whole province and three industries fluctuated before 2005, but those of the whole province, secondary and tertiary industries all basically showed steady trend from 2005 to 2012, and that of the primary industry showed downward trend from 2005 to 2012. Figure 5 shows the ratio of high-carbon energy in terminal energy consumption of Shandong province during 1995-2012, where high-carbon energy include raw coal, cleaned coal, other washed coal, briquettes, coke, heat and electricity, and their carbon emissions coefficients are all more than 0.75 kg/kg standard coal. We can see that the ratio fluctuated over the eighteen years, but it was always maintained higher than 68%.
Carbon Emissions from Energy Consumption of Shandong
Province. The method which uses carbon emissions coefficient is currently the most widely used method for calculating carbon emissions. The calculation formula is
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We have calculated the carbon emissions coefficients of 17 kinds of energy of Shandong province [13] . By using energy balance table of China, we calculate that the carbon emissions coefficients of heat energy and electricity are 0.8760 and 1.6672 kg/kg standard coal, respectively. Applying the statistical data of energy consumption of Shandong province from 1995 to 2012, the calculated carbon emissions from energy consumption of Shandong province are shown in Figure 6 . The overall carbon emissions from energy consumption of Shandong province show an increasing trend. Particularly, carbon emissions have increased significantly from 68.3809 million tons in 2002 to 232.4380 million ton in 2012, and the annual average growth rate was 13.02%. 
Factors Decomposition Model of Carbon
Emissions from Energy Consumption 3.1. LMDI Model. LMDI has become the most commonly used decomposition method of carbon emission. Generally, the factors include GDP, population, per capita GDP, industrial structure, energy consumption structure, energy consumption intensity, carbon emission coefficients, and so on. According to the combination form of the above factors, decomposition models can be classified into three factors decomposition, four factors decomposition, five factors decomposition, six factors decomposition, and so forth. For example, an equation of carbon emissions with six factors is as follows:
where is population, is GDP, is GDP of the th industry, is energy consumption of the th industry, is consumption of the th energy in the th industry, is the carbon emissions from the th energy in the th industry, is per capita GDP, is GDP proportion of the th industry, is energy consumption intensity of the th industry, is consumption proportion of the th energy in the th industry, The Scientific World Journal and is carbon emission coefficient of the th energy in the th industry.
To be more general, we decompose carbon emissions into 1 + 2 + 3 kinds of factors, and the carbon emissions equation is
According to LMDI model, we firstly calculate the lowest layer of carbon emissions:
Then the carbon emissions change from the ( − 1)th year to the tth year is:
Let denote any of decomposition factors 1 , . . . ,
, then the effect of factor is
where
Because and may be 0, there are four exceptional cases listed in Table 1 .
Shapley Value Model.
Albrecht et al. [20] put forward Shapley value decomposition model based on the Kaya equation, and we extend their conclusion to the general case shown in formula (3). Let denote any factor, = { 1 , . . . ,
, } denote players set, and union ⊆ , ̸ = Φ, then we define the characteristic function as follows:
The effect of factor is
where | | is the base of union , that is, the number of players in it.
MRCI Model.
MRCI model uses the proportion of each factor's average change rate as its weight, and the effect of factor is
where denotes any factor; denotes the sum of all the factors' average change rate:
If both and −1 are 0, we define the effect of factor is 0.
Effect Contribution.
In order to reflect the effect contribution of each factor, we define the effect contribution of factor as follows:
where sgn(Δ ) indicates the change direction of carbon emissions; that is, if carbon emissions increase, it is positive; otherwise, it is negative:
Thus, if > 0, we think that the factor promotes the increase of carbon emissions; otherwise, it inhibits the increase of carbon emissions.
Combination Decomposition Model.
Each decomposition model has its own theoretical basis, and the above three models are usually applicable to the decomposition of carbon emissions. Because there may be great difference between the results of different models, we use Kendall coordination coefficient method to test their compatibility [22, 23] . Let Δ and denote the th factor's effect and effect contribution in the th year in the th model, respectively; = 1, . . . , 1 + 2 + 3 ; = 1, 2, 3; = 1, 2, . . . , , then we sort all the values of in the kth model from big to small, and the smaller value means the stronger inhibitory effect on the increase of carbon emissions. Suppose the sort of is , ∈ {1, 2, . . . , ( 1 + where is the number of single decomposition models, = 3; ℎ is the number of sorted values, ℎ = ( 1 + 2 + 3 ); is coordination coefficient used to identify the difference between the actual sort results of different models and the most possible sort results in theory. The formula of is as follows:
Generally, 2 approximately obeys 2 (ℎ − 1), where is the given significance level. If 2 ≥ 2 (ℎ−1), it indicates that the kinds of models are compatible, otherwise incompatible. For incompatible case, we should eliminate some model one by one until all the rest models pass compatibility test.
Suppose there are kinds of single decomposition models in compatible models set, and in order to take full advantage of their inherent information, we apply the optimal weighted combination model to combine all the compatible single models. Let be the weight of the kth model, then the combination value of the rth factor's effect in the tth year is
The objective is to minimize the square sum of deviations between all the factor's combination values in every year and their corresponding effect values in every single model, and we construct the optimal weighted combination decomposition model as follows:
Solve the above nonlinear programming model to get all the single decomposition models' weights, and input them into formula (16), then we can obtain all the factors' combination effects.
Factors Decomposition of Carbon Emissions from Energy Consumption of Shandong Province
We decompose carbon emissions from energy consumption of Shandong province into six factors, which can be seen in formula (2) . We define carbon emissions increment from energy consumption as the total effect and denote it as ΔC, which is made up of six terms of effects, that is, population effect Δ , per capita GDP effect Δ , industrial structure effect Δ , energy consumption intensity effect Δ , energy consumption structure effect Δ , and carbon emissions coefficient effect Δ . Carbon emissions coefficient of each energy can be considered constant each year, and Δ equals 0 [24, 25] :
LMDI model, Shapley value model, and MRCI model are used to calculate the effect of each factor, respectively, and the results are shown in Tables 2, 3 , and 4.
Applying Kendall coordination coefficient method to test three models' compatibility, we get that the coordination coefficient equals 0.99986, and the statistics index 2 equals 251.9442. Give the significance level = 0.01, 251.9442 > 2 0.01 (84) = 117.0565, so the three models pass compatibility test. Based on the results of three models, we construct and solve the optimal weighted combination decomposition models. The calculation results are that the weights of three models are equal to 0.333339, 0.333342 and 0.333319 respectively. Inputting the above results into formula (16), we get the combination result shown in Table 5 .
From the decomposition results in Table 5 , we know that, using year 1995 as the base year, the cumulative effects of population, per capita GDP, energy consumption intensity, and energy consumption structure of Shandong province in 2012 were positive, but the cumulative effect of industrial structure was negative. It shows that, population, per capita GDP, and the changes in energy consumption intensity and energy consumption structure have positive impacts on the increase of carbon emissions from energy consumption, while the change of industrial structure has certain negative impacts on it. On the one hand, the cumulative effect of per capita GDP has the largest contribution, that is, per capita GDP is the most positive influence factor for the increasing carbon emissions from 1995 to 2012, while the positive effects of energy consumption intensity, population, and energy consumption structure are relatively negligible; on the other hand, industrial structure is a negative impact factor for the increasing carbon emissions. The Scientific World Journal Population effect was always positive from 1996 to 2012, but it was relatively small and its contribution is relatively weak among the five factors. It indicates that population growth is a weak drive factor for the increasing carbon emissions. Per capita GDP effect is always positive, and its contribution is the largest, which manifests that per capita GDP is the most important drive factor.
Industrial structure effect has a certain fluctuation. It was negative in 1996, 1999, 2001, and 2007-2012, and positive in the rest of the years. The trend is closely related to the industrial restructuring of Shandong province over the fifteen years. When the effect was negative in one year, GDP proportion of the secondary industry was less than in the previous year, meanwhile, GDP proportions of the tertiary industry was greater than in the previous year. Thus, reducing GDP proportion of the secondary industry and increasing GDP proportion of the tertiary industry can help to inhibit the growth trend of carbon emissions. The absolute values of industrial structure effect contribution are relatively small in the various factors, indicating that the industrial structure of Shandong province can be further optimized in order to expand its inhibitory effect on the increasing carbon emissions.
Energy consumption intensity effect fluctuated from 1996 to 2012. It was negative in 1996, 1997, 1999, 2000, 2002, 2003, 2008, 2010, and 2011 , and positive in the rest of the years. The trend agrees with energy consumption intensity of Shandong province and that of the secondary industry. In the The Scientific World Journal 7 nine years when the effect was negative, energy consumption intensity of total province and that of the secondary industry were lower than previous year. In the rest of the years, they were higher than previous year. The absolute value of the of energy consumption intensity effect contribution was relatively higher among the five factors, which indicates that energy consumption intensity has a strong impact on the changes of carbon emissions from energy consumption, and it is an important inhibition factor of increasing carbon emissions. Energy consumption structure effect shows the fluctuation trend. It was negative in 1998, 2002, 2003, 2005, 2009 , and 2010, and positive in the rest years. The trend is basically consistent with the variation trend of the proportion of highcarbon energy. When energy consumption structure effect was negative in one year, the ratio of high-carbon energy consumption decreased than in the previous year, while it rose in the rest years. Thus, reducing the proportion of highcarbon energy or increasing the proportion of low-carbon energy can help to curb increasing carbon emissions. Energy consumption structure effect contribution is relatively weak in the five factors, which indicates that energy consumption structure of Shandong province has a large optimization space in helping to curb the fast growth of carbon emissions. 
STIRPAT Model of Carbon Emissions from Energy Consumption of Shandong Province
The above results show that population, per capita GDP, industrial structure, energy consumption intensity, and energy consumption structure are the important impact factors of carbon emissions change of Shandong province. But how their changes affect the carbon emissions change?
We use STIRPAT (Stochastic impacts by regression on population, affluence, and technology) model [26] to analyze the problem. The STIRPAT model transforms the IPAT model [27] into a stochastic model, and its expression is
Take its logarithm form, and it can be changed into formula (20) :
where I, P, A, T are environment pressure, population, affluence, and technology, respectively; is systematic error. The factors P, A, and can be expanded [7, 26, 28, 29] . For facilitating the problem analysis, we introduce industrial structure and energy consumption structure into the model. The model (16) is changed into the following form:
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We conduct bivariate correlation analysis on the carbon emissions and five impact factors and get the coefficients as shown in Table 6 . It can be seen that there are significant correlations among per capita GDP, population, GDP proportion of the secondary industry, and carbon emissions. We also conduct collinearity diagnosis and get that the VIF (variance inflation factor) values of population, per capita GDP, GDP proportion of the secondary industry, energy consumption intensity, and the ratio of high-carbon energy are 174.489, 157.019, 3.239, 1.763 and 1.533, respectively. For the VIF values of population and per capita GDP are greater than 10, there are serious multicollinearity problems among the data.
Because least squares regression will lead to larger standard errors of regression coefficients, wider confidence intervals, and lower stability in parametric estimation [30] , we apply partial least squares regression method to construct the regression equation of carbon emissions and its impact factors. The cross validation values of the first and second components are 0.973 and 0.521, respectively. The cumulative 
In order to reflect the impact of each factor on carbon emissions more accurately, we calculate the VIP (variable importance in projection) value of each factor [7, 31] . Figure 7 shows that all the five factors have certain explanation roles on carbon emissions, and the rank order (high to low) is population, per capita GDP, GDP proportion of the secondary industry, energy consumption intensity, and the ratio of high-carbon energy.
Conclusions
This paper analyzes the situations of economy, energy consumption, and carbon emissions from energy consumption of Shandong province from 1995 to 2012. We construct LMDI, MRCI, and Shapley value decomposition models to decompose carbon emissions. To make full use of the underlying information in different models, the paper proposes an integrated method. We apply Kendall coordination coefficient method to perform compatibility test on the model results and output compatible model set. Based on the results of compatible models, we construct an optimal weighted combination model. We decompose carbon emissions from energy consumption of Shandong province into five factors including population, per capita GDP, industrial structure, energy consumption intensity, and energy consumption structure. We also construct the STIRPAT model of carbon emissions to reflect the impact of each factor on carbon emissions. The conclusions are as follows.
(i) Using 1995 as the base year, the cumulative effects of population, per capita GDP, energy consumption intensity, and energy consumption structure of Shandong province in 2012 are positive, while the cumulative effect of industrial structure is negative.
(ii) Per capita GDP is the largest driver of the increasing carbon emissions and has a great impact on carbon emissions. Therefore, the GDP growth target of Shandong province should be appropriately reduced, so that the trend of rapid growth in carbon emissions would slow down.
(iii) Energy consumption intensity is a weak driver of the increasing carbon emissions and has certain impact on carbon emissions. Shandong province should implement the target responsibility system in the future, and take various measures to strengthen the energy conservation in order to improve energy efficiency.
(iv) Population affects carbon emissions with weak drive, but it has the most significant impact on carbon emissions. Shandong province should continue to control the growth of its population and, at the same time, try to improve the life quality of the population, so as to reduce the effect of consumer behavior on carbon emissions caused by the increase of population.
(v) Energy consumption structure is a weak drive factor of the increasing carbon emissions and has certain impact on carbon emissions. Shandong province should continue to reduce the proportion of highcarbon energy including coal and coke in the future, develop and utilize renewable low-carbon energy to
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(vi) Industrial structure is an inhibitory factor of the increasing carbon emissions, and the increasing proportion of tertiary industry has shown its inhibitory effect on carbon emissions since 2007. Shandong province should continue to reduce the proportion of secondary industry in the future, develop tertiary industry actively, thus to optimize industrial structure to further control the carbon emissions in the future.
